Recent experimental evidence supports the idea that human observers are good at recognizing and categorizing materials. Fleming et al. reported that perceptual qualities and material classes are closely related using projected images (Journal of Vision 13(8) (2013) 9). In this paper, we further investigated their findings using real materials and degraded image versions of the same materials. We constructed a real material dataset, as well as four image datasets by varying chromaticity (color vs. gray) and resolution (high vs. low) of the material images. To investigate the fundamental properties of materials' static surface appearance, we used stimuli that lacked shape and saturated color information. We then investigated the relationship between these perceptual qualities and the various types of image representation through psychophysical experiments. Our results showed that the representation method of some materials affected their perceptual qualities. These cases could be classified into the following three types: (1) perceptual qualities decreased by reproducing the materials as images, (2) perceptual qualities decreased by creating gray images, and (3) perceptual qualities such as ''Hardness'' and ''Coldness'' tended to increase when the materials were reproduced as low-quality images. Through methods such as principal component analysis and k-means clustering, we found that material categories are more likely to be confused when materials are represented as images, especially gray images.
Introduction
In everyday life, we can distinguish object categories without difficulty by recognizing different shapes and the functions of the objects based on visual information. For example, a rocking chair and a sofa can be clustered within the category ''chair'' if they are grouped according to the function of ''sitting down''; such grouping enables precise discrimination and can be used in the field of computer vision (Andreopoulos & Tsotsos, 2013; Prasad, 2012) . Building on this and the rich scientific information, recent studies have been undertaken on material perception, which contributes to the perception of objects.
In the field of computer vision, most object recognition systems have relied on low-level material invariant features such as color; for example, the Scale Invariant Feature Transform (SIFT: Koenderink & van Doorn, 1987; Lowe, 2004) or the Histogram of Oriented Gradients (HoG:Dalal&Triggs,2005 )havetendedtoignorematerialinformation altogether. The Bidirectional Reflectance Distribution Function (BRDF: Debevec et al., 2000; Marschner, Westin, Arbree, & Moon, 2005) , the Bidirectional Texture Function (BTF: Dana, Van-Ginneken, Nayar, & Koenderink, 1999) and the bidirectional surface scattering reflectance distribution function (Jensen, Marschner, Levoy, & Hanrahan, 2001 ) seem to be trivial features for representing surface properties, depending on the materials. However, it is nearly impossible to estimate such features from a single image without employing simplifying assumptions (Debevec et al., 2000; Dror, Adelson, & Willsky, 2001) . Recently, a few approaches have been proposed in order to directly study the relations between image features and several perceptual attributes and to estimate the attribute values for a given image (Abe, Okatani, & Deguchi, 2012; Dror & Adelson, 2001; Liu, Sharan, Adelson, & Rosenholtz, 2010; Varma & Zisserman, 2009) this research was performed using a large image dataset such as the Flickr Materials Database (Sharan, Rosenholtz, & Adelson, 2009) .
Several studies have investigated the mechanism of how material sensations are processed in the human brain using various approaches such as functional magnetic resonance imaging (fMRI) (Hiramatsu, Goda, & Komatsu, 2011) and psychophysical studies (Motoyoshi, Nishida, Sharan, & Adelson, 2007) . Most of these studies have focused on the visual estimation of the specific properties of materials (Anderson, 2011; Thompson, Fleming, Creem-Regehr, & Stefanucci, 2011; Zaidi, 2011) , such as glossiness (Fleming, Dror, & Adelson, 2003; Motoyoshi & Matoba, 2012; Nishida & Shinya, 1998) , translucency (Fleming & Bülthoff, 2005; Fleming, Jäkel, & Maloney, 2011; Motoyoshi, 2010) , or roughness (Padilla, Drbohlav, Green, Spence, & Chantler, 2008; Pont & Koenderink, 2005; Pont & Koenderink, 2008) . Taken together, these findings support the general idea that the human visual system can estimate the properties of materials from relatively low-level vision features.
There is experimental evidence to support the hypothesis that human observers excel at recognizing and categorizing materials. For example, Sharan et al. (2009) have shown that participants can identify a wide range of materials from photographs, even after a very brief exposure. Recently, Fleming, Wiebel, and Gegenfurtner (2013) showed participants photographs of materials from different categories and asked them to rate various subjective qualities, such as hardness, glossiness, or prettiness. Although the participants were not explicitly informed that the samples belonged to different classes, the subjective ratings of the samples were systematically clustered into categories, suggesting that the participants could theoretically classify materials by making visual judgments concerning their properties. This study explains, for example, that we can judge qualities such as the hardness or softness of an object from visual information alone, rather than through touching.
As has been shown by many previous studies, both surface property (i.e., color, texture, surface reflectance, etc.) and shape are influential in distinguishing materials by providing relevant visual information. Furthermore, as has been shown previously (Doerschner et al., 2011; Muryy, Welchman, Blake, & Fleming, 2013; Wendt, Faul, & Mausfeld, 2008) , judgments of specular reflectance are affected by both binocular disparity and motion information. Many studies have analyzed this by presenting the two stimuli simultaneously.
In the current study, which was inspired by the study of Fleming et al. (2013) , we investigated the relationship between material categories and perceptual qualities. Fleming et al. used test stimuli with both surface and shape information. In daily life, humans successfully discriminate materials using both types of information. However, it is scientifically relevant to separately investigate the influence of each type of information on perceptual qualities. For the current study, we eliminated shape information and investigated only perceptual qualities obtained from the static surface properties. Moreover, we also eliminated saturated color exemplars to avoid the influence of color deviation. The test stimuli consisted of 34 exemplars obtained from 10 different materials. The participants rated nine subjective properties for each material.
We further investigated the relationship between perceptual qualities and image representations. The majority of conventional approaches used photographs or synthesized images. However, the influence of the representation, such as its resolution and color reproduction, has not been fully considered. To this end, we conducted four additional experiments, in which the observation conditions (i.e., stimuli's sizes and luminance intensity) were preserved, but the chrominance components and resolution changed. By comparing the responses obtained in the five experiments, we analyzed the perceptual qualities based on the static surface appearance of materials under different viewing conditions.
Experimental stimuli

Material dataset
To investigate material perception not influenced by shape, we produced a dataset of 34 exemplars (size 50 Â 50 mm). The individual images were selected from 10 material categories-stone, metal, glass, plastic, leather, fabric, paper, wood, ceramic, and rubber-to cover a wide range of appearances for each material. Each category contained two or more exemplars. All materials and their specifications are shown in Fig. 1 and Table 1, respectively. As described by Albertazzi and Hurlbert (2013) , color has a strong influence on perceptual qualities. Since it is difficult to collect uniform material exemplars of various hues, we collected exemplars with only low saturation. In Fig. 2 , the symbol ''x'' represents the location of each exemplar on the CIE xy chromaticity diagram. Since the various exemplars were collected according to the differences in their surface properties, the number of exemplars per material category was uneven.
Image dataset
We hypothesized that when materials are reproduced on a monitor, the following factors strongly influence the perceptual qualities: (1) intensity, (2) color reproduction, and (3) resolution. In order to realize an accurate reproduction of real-world display materials, we constructed an imaging system. The camera system was composed of an RGB camera and a standard lens. The camera, which was able to obtain linear camera output, was a Canon EOS 5D Mark II with a sRAW2 image size of 2784 Â 1856 pixels and a quantization level of 14 bits. We then prepared a color image dataset (A) by capturing the materials set up in a viewing booth.
For the output monitor, we used an Apple 15.4 00 MacBook Pro with Retina display. The widescreen, LED-backlit IPS screen has a glossy finish and a native resolution of 2880 Â 1880 pixels with 220 pixels per inch.We completed the following procedure for reproducing the actual display scene. Let ½ R C G C B C T be a color By using this calibration process, we verified that the intensity and chromaticity between real materials and the reproduced image on the display were almost equivalent.In order to investigate the influence of reproduction factors on material perception, we prepared three additional sets: a gray image dataset (B), a low-resolution color image dataset (C), and a low-resolution gray image dataset (D). The gray image dataset was constructed by replacing X C ¼ Y C and Z C ¼ Y C before the display calibration process. By applying 4:1 horizontal and vertical down-sampling to the color and gray image datasets, low-resolution color and gray image datasets were created, respectively.
Experimental methods
We conducted five experiments in order to investigate perceptual qualities from the static surface appearance of materials under different viewing conditions. All experiments were conducted in accordance with The Code of Ethics of the World Medical Association (Declaration of Helsinki). Written informed consent was obtained from all participants.
3.1. Experiment 1: visual judgments of perceptual qualities using material dataset
In Experiment 1, the participants were asked to make judgments based on perceptual qualities by viewing actual materials. The procedure of the experiment followed that of Fleming et al. The experiment was organized into nine blocks of 34 trials, and this was defined as a session. Ten participants, nine males and one female, participated in this experiment.
For each trial block, a different perceptual quality was assessed, and in each trial within a block, participants rated the quality for a single material that was manually placed in a viewing booth (Macbeth Judge II) under the standard illuminant D65 by the participants themselves. The reason that the participants set up the materials is that our experiment required 612 repetitions (explained below) for evaluation, and it was not realistic that the experimenters would place all the stimuli. This also meant that the participants directly judged each material category in our experiment, unlike in Fleming et al.'s study, wherein the participants had to estimate material categories based solely on visual information. It is important to note that participants could not acquire tactile information, such as temperature or roughness, from the materials. The viewing booth was set in a dark room, and the inside wall was covered with black felt. The participants were instructed to set up each material while wearing gloves. Therefore, we assume that tactile exploration did not directly affect the participants' quality assessment. Fig. 3 shows the experimental environment in Experiment 1. The viewing distance was 300 mm, and the luminance of a white reference point presented in the same location as the material was 32.4 cd/m 2 . Each material was placed perpendicularly to the participant's gaze.
An alternative approach would have been to provide ratings for several perceptual qualities in each trial. The order of the 34 exemplars was scrambled, but they were shown in the same order in each block. In each trial, the participant's task was to assess the material's perceptual quality within the current block and enter a rating from one to six into a spreadsheet in order to record their responses. Having assigned a value for a given perceptual quality to all 34 exemplars, the participants took a short break, and then started the next block (i.e., the next perceptual quality assessment).
Before each block, the perceptual quality to be judged in the forthcoming block was defined, and the polarity of the six-point scale (i.e., what low and high values corresponded to) was explained. The participants were encouraged to ask questions to clarify their understanding of the material property to be rated and the rating scale. It is important to note that the participants were not informed that the materials were grouped into distinct classes; they were simply instructed to respond to the 34 exemplars of various materials. After finishing the first session's assessment, the second session, which was also organized into nine blocks of 34 trials, was performed to verify the intra-participant rating variances. In this second session, however, we showed the 34 exemplars in the opposite order in each block.
The following nine qualities were assessed using the following definitions: Within each block, the participant manually progressed through the real materials in the absence of any time constraints. There was no communication whatsoever between the participants. They were explicitly instructed not to confer with each other during the experiment. The participants were asked to not adjust their ratings to the materials that were viewed a second time in order to correct their error. From Experiments 2 to 5 in the next section, the same rules applied. Each participant performed 612 (34 Â 2 Â 9) trials in Experiments 1.
Experiments 2-5: visual judgments of perceptual qualities using image datasets
For Experiments 2-5, the participants' assessed the same perceptual qualities by viewing reproduced images of the display materials. The same participants as in Experiment 1 participated in Experiments 2-5.
In Experiment 2, we used the color image dataset (A) described in 2.2. The image size, color, and brightness were adjusted to match the visual environment of Experiment 1. Fig. 4 shows the experimental environment in Experiment 2. By comparing this setup with the one presented in Fig. 3 , we could confirm its accurate reproduction. The image dataset was compiled into a single BMP image, one image per page. We presented the BMP images to the participants using the Apple Mac application ''Preview'' in slideshow mode. The participants were permitted to move the slideshow only forward; they could not complete any backward operations. As in Experiment 1, an alternative approach would have been to provide ratings for several perceptual qualities for each trial.
In Experiments 3-5, the participants performed the same assessments using the gray image dataset (B), the low-resolution color image dataset (C), and the low-resolution gray image dataset (D). The participants did not assess the aspect of colorfulness of the gray images (Experiments 3 and 5, datasets B and D). Therefore, in total, each participant performed 2924 (34 Â 2 Â (9 Â 3 + 8 Â 2)) trials in Experiments 1 through 5.
Experimental results
It took on average 74 min, 30 min, 26 min, 25 min, and 23 min, to complete each session in Experiments 1 through 5, respectively. Therefore, it took 356 min on average to complete all five experiments. Table 2 summarizes intra-and inter-participant rating variances. The intra-participant variance r 2 intra ði; jÞ is shown in Fig. 3 . Experimental environment using material dataset. Fig. 4 . Experimental environment using image datasets. Both material sample and background are displayed on the monitor. Table 2 (a) for the j-th block in the i-th experiment. The intra-participant variance is calculated as the average of rating variances in each block between the two sessions for the ten participants, as follows:
Intra-and inter-participant variances
where a k;l;m ði; jÞ means the rated score of the m-th trial in the l-th session of k-th participant, and a k;m ði; jÞ means the average of rated scores between the two sessions. The inter-participant variance is shown in Table 2 where b k;m ði; jÞ is the averaged score of a k;l;m ði; jÞ between sessions, and b m ði; jÞ is the average of the scores for the ten participants. There are two notable aspects of the observed variances. First, the intra-participant variances were lower than the inter-participant variances. This result indicates that the perceptual quality rating was stable within an individual participant. Our second observation is that the rating in Experiment 1 had a higher overall intra-participant variance as shown in Table 2 (a). This suggests that the rating of perceptual qualities is sensitive to the rich information obtained from real materials. On the other hand, perceptual quality ratings were less sensitive to the poor information obtained from the images alone. The intra-participant variances for visible qualities such as ''Transparency,'' ''Colorfulness,'' and ''Roughness'' were relatively low. This result is opposite to the intra-participant variances as shown in Table 2 (b) .
This suggests that evaluations of perceptual qualities obtained from the rich information of real materials are similar between individual participants. On the other hand, the evaluations of perceptual qualities obtained from the poor information of images differed between the individual participants.
Ratings for each material class
The participants were not informed that the 34 different images consisted of 10 distinct material classes. Fleming et al. concluded that the ratings of different qualities formed a distinctive feature ''signature'' for each class of materials. We also investigated the mean ratings of each quality for each material class averaged across all participants. Fig. 5 shows the mean quality scores for each material class. For each perceptual quality, the average responses for each of the 5 experiments are represented by individual bars in Fig. 5 . From left to right, the bars represent responses of real objects, color images, gray images, low-quality color images, and low-quality gray images, respectively.
As expected, the different material classes tended to have distinctive signatures for different qualities. Eight material classes in our experiment were the same as in Fleming et al.'s experiment. The experimental condition of our Experiment 1 was almost identical to Fleming et al.'s study, since the participants became familiar with the materials by viewing the real materials in our experiment and by viewing material images with shape information in Fleming et al.'s experiment. Therefore, we first compared our results of Experiment 1 with the results of Fleming et al.
We found that the signature of each material was similar in ours and Fleming et al.'s study. However, the following four responses were significantly different from Fleming et al.'s responses by more than two rating scores. (1) The rating of ''Roughness'' of stone was lower in our experiment, because the surface condition of our exemplars was flat. (2) The rating of ''Glossiness'' of leather was lower, because the surface condition of our exemplars was flat and no specular highlights included. (3) The rating of ''Hardness'' of wood was lower and that of ''Fragility'' higher, as our exemplar consisted of a processed product and not a tree trunk. (4) The rating of ''Colorfulness'' of plastic was lower, because the color of our exemplar was de-saturated.
Next, we compared our results between the five experiments. The signature of each material was similar between the five experiments as shown in Fig. 5 , but there were some notable differences. The rating of ''Glossiness'' of metal and plastic materials decreased from Experiment 1 to the remaining experiments, and the rating of ''Transparency'' of glass materials decreased for the image reproductions. The ''Glossiness'' of paper and ''Prettiness'' of rubber materials decreased when changing from color to gray image reproductions.
Based on these observations, we suggest that the perceptual qualities of materials differ between real objects and reproduced images.
Ratings for each perceptual quality
We can plot the same data grouped by perceptual qualities, as shown in Fig. 6 . Each bar indicates the average rating for a different material class. For each material class, the five responses are represented by individual bars. From left to right represent responses for real objects, color images, gray images, low-quality color images, and low-quality gray images, respectively.
The results are again broadly intuitive. Our results from Experiment 1 are in accordance with Fleming et al.'s results. For results did not differ greatly from their results, we assume that shape did not influence ''Fragility''. The signature of each quality was similar between the five experiments in our study, but there were some notable differences.
First, as we expected, the rating of ''Glossiness'' and ''Transparency'' for half of the materials decreased when ratings were insensitive to the chromatic information and the image resolution. This suggests that gloss reproduction is an important factor for the realistic material perception on a display device. In another example, the ratings of ''Hardness'' and ''Coldness'' tended to increase when reproducing the material samples as low-quality images on the display device. This suggests that the poor information obtained from the images provided qualities of ''Hardness'' and ''Coldness'' to the material perception.
The results are again broadly intuitive. Our results from Experiment 1 are in accordance with Fleming et al.'s results. For example, most materials classes received low scores in the perceptual quality of ''Transparency,'' whereas glass received high average ratings. However, the signatures of ''Glossiness'' were generally lower than Fleming et al.'s results, because we used flat exemplars without specular highlights. The signatures of ''Colorfulness'' were also lower, because we used de-saturated exemplars. Since ''Fragility'' often correlates with 3D shape, our results were expected to be different from Fleming et al.'s. However, as our results did not differ greatly from their results, we assume that shape did not influence ''Fragility''.
The signature of each quality was similar between the five experiments in our study, but there were some notable differences. First, as we expected, the rating of ''Glossiness'' and ''Transparency'' for half of the materials decreased when ratings were insensitive to the chromatic information and the image resolution. This suggests that gloss reproduction is an important factor for the realistic material perception on a display device. In another example, the ratings of ''Hardness'' and ''Coldness'' tended to increase when reproducing the material samples as low-quality images on the display device. This suggests that the poor information obtained from the images provided qualities of ''Hardness'' and ''Coldness'' to the material perception.
Correlations between perceptual qualities
As mentioned above, different qualities have different distributions across material classes, suggesting that these qualities provide a means of distinguishing between material types. The correlation matrix relating the perceptual qualities to one another is shown in Fig. 7 .
The most positively correlated qualities were ''Coldness'' and ''Hardness'' ðr ¼ 0:6397Þ in Experiment 1. The second most positively correlated qualities were ''Coldness'' and ''Glossiness'' ðr ¼ 0:5308Þ. These results support the results by Fleming et al. However, the most positively correlated qualities in their experiment, ''Transparency'' and ''Glossiness,'' were absent in our experiments' ðr ¼ 0:0193Þ. The fact that solid metals in our material set are by default not transparent could explain why we obtained these results. The most negatively correlated qualities were ''Hardness'' and ''Fragility'' ðr ¼ À0:6421Þ in Experiment 1, which further supports the results by Fleming et al. However, the second most negatively correlated qualities ''Coldness'' and ''Fragility'' ðr ¼ À0:4832Þ did not match Fleming et al.'s results. This result could be explained by having only the surface property but no shape information available.
There are some notable differences between the real objects and the representative images. Our second major finding was that the strongly positively correlated qualities depended on the experimental condition. In Experiment 1, ''Glossiness'' and ''Roughness'' were strongly negatively correlated qualities, which supports the results of Fleming et al. However, some of these correlations were not significant in Experiments 2 through 5, most likely because correlations with ''Glossiness'' decreased for various qualities in the reproduced images. On the other hand, the correlations between ''Prettiness'' and various qualities increased the case of the reproduced images.
Different characteristics were obtained between the color and gray information. ''Glossiness'' and ''Transparency'' obtained higher positive correlations for gray materials ð0:2653 6 r 6 0:2723Þ, but lower correlation for color materials ð0:1917 6 r 6 0:2068Þ. Similarly, ''Naturalness'' and ''Fragility'' obtained higher positive correlations for gray materials ð0:2136 6 r 6 0:2618Þ, but lower correlations for color materials ð0:1584 6 r 6 0:1981Þ. According to these results, color information is important to distinguish perceptual qualities such as ''Glossiness'' and ''Transparency,'' and ''Naturalness'' and ''Fragility''. Different characteristics were obtained between the high-and low-resolution information. ''Glossiness'' and ''Prettiness'' obtained higher positive correlations for low-resolution images ð0:3351 6 r 6 0:3815Þ, but lower correlations for high-resolution images ð0:2768 6 r 6 0:2822Þ. Similarly, ''Roughness'' and ''Fragility'' obtained higher positive correlations for low-resolution images ð0:4166 6 r 6 0:4430Þ, but lower correlations for high-resolution images ð0:3192 6 r 6 0:3871Þ. According to the detailed analysis of the rating scores, for both ''Roughness'' and ''Fragility'' the ratings decreased when the image resolution decreased. Based on these results, high resolution is required to distinguish perceptual qualities such as ''Glossiness'' and ''Prettiness,'' and ''Roughness'' and ''Fragility''. Overall, the different qualities were only weakly correlated with one another, as Fleming et al. founded in their study. Half of the correlation coefficients in Experiment 1 had an unsigned magnitude of less than 0.14, and about 80% had an unsigned magnitude of less than 0.28. However, throughout Experiments 2-5, these correlations became slightly stronger. In the case of the low-resolution gray images in Experiment 5, 39% had an unsigned magnitude of less than 0.14, and 78% had an unsigned magnitude of less than 0.28. This indicates that the perceptual qualities are weakly correlated with one another, but their correlations gain strength images.
Correlations between material classes
The previous section addressed correlations between different perceptual qualities. In Fig. 8 , we plot the correlation matrix between the various material classes. Most of the correlation coefficients were strongly positive and higher than those reported by Fleming et al. The most positively correlated material classes in Experiment 1 were plastic and rubber ðr ¼ 0:9113Þ, followed by ceramic and metal ðr ¼ 0:8845Þ. These results are not surprising. Fabric and leather had similar signatures which might be caused by the flat surface representations without shape information that we used. According to Fleming et al., the most positively correlated material classes were stone and wood ðr ¼ 0:5815Þ. We also obtained a relatively strong positive correlation for this combination ðr ¼ 0:4050Þ. Different characteristics were obtained for images with color and gray information. The most remarkable result is that all correlations were positive in the case of gray images (Experiments 3 and 5). For example, fabric and several materials (rubber, glass, metal, plastic, and ceramic) had higher negative correlations for the color images ðÀ0:5065 6 r 6 À0:1383Þ, but positive correlations for the gray images ð0:0251 6 r 6 0:2810Þ. Paper and wood had higher negative correlations for the gray images ð0:8619 6 r 6 0:8659Þ, but lower correlations for the color images ð0:3951 6 r 6 0:4246Þ. Most of the correlations increased from the color to the gray images. These results indicate that these material qualities were strongly influenced by color information, and that the information in the low-resolution gray images was insufficient for discriminating the materials.
Interestingly, the image resolution did not substantially affect the correlations between material classes.
Distributions of material classes in the space of perceptual qualities
We performed principal component analysis (PCA) on all ratings across participants to aid visualizing the distribution of material classes in the 9-dimensional feature space of perceptual qualities. Table 3 shows the percent variance of the first three principal components (PCs). By showing the gray images in Experiments 3 and 5, higher percent variances were obtained. This result supports the notion that material qualities were harder to discriminate in the low-resolution gray images. Interestingly, the other three conditions (real object, high-resolution color images, and low-resolution color images,) had very similar percent variances. Throughout all experiments, the first three PCs accounted for more than 91% of the variance. It is important to note that the residual 9% of the variance in the distribution falls along the other six dimensions. This means that regardless of the representation method to show the materials, we can get an approximate impression of the overall distribution using only the first few PCs. This property can be illustrated by the screen plot in Fig. 9 which shows that 3 of those factors explain most of the variability because the line starts to straighten after factor 3.
In Fig. 10 , we plotted the ratings for each material class projected onto the first three PCs in Experiment 1 and color-coded each image by its true class membership. Fig. 10(a)-(c) show the spaces of the 1st-2nd PCs, 1st-3rd PCs, and 2nd-3rd PCs, respectively. In each space, the stimuli within each class are generally closely clustered. Some clusters overlap, but they appear clearly localized within the space. The distributions of the other four experiments were similar to those of Experiment 1. Throughout all experiments, we observed that the space of the 2nd-3rd PCs separated the material clusters the best. The interpretation of these principal component vectors is an interesting challenge for future studies.
We further applied k-means clustering to the data, which derives clusters solely on the proximity of different ratings in the 9-dimensional principal component space. Thus, by comparing the true clusters to those extracted by the k-means, we can measure the extent to which data of a given category are clumped together in feature space. The results of the k-means clustering depend on the initial setting of seeds. We distributed initial seeds at random ten times. Fig. 11 shows the average of the similarity ratio according to which the quality data mapped onto the PC space was classified into the same material category by the k-means clustering. The horizontal and vertical axes show the experimental condition and the similarity ratio, respectively. As Fig. 11 illustrates, the kmeans clustering algorithm clustered over 66% of the samples the same way as humans did (i.e., the same mutual class membership) based on the human quality ratings in Experiment 1. The similarity ratio decreased when the materials were displayed as images, and was lowest for Experiments 3 and 5. This suggests that the participants confused material categories more easily when they were represented as gray images. Fig. 12 shows the same data of Fig. 11 separately for each material class. Glass and stone were more often classified into the same material category. In contrary, the ratios of ceramic, paper, plastic and rubber were relatively low. An interesting characteristic was observed for the ratios in Experiment 2. The correlations of the similarity ratio between the different experiments is shown in Table 4 . As shown in the table, the correlations with the other experiments were low ð0:198 < r < 0:352Þ. In particular, the trend of ratios in Experiment 2 between material classes was different (e.g., glass and metal), as compared with the results of the other experiments. By investigating the distribution in the PC space, the form of these clusters resembled more an ellipse than a circle. Therefore, the data of glass and metal could be separated into several material categories by the property of k-means algorithm. A more detailed analysis is required.
Conclusions
This study investigated the perceptual qualities of static surfaces using real materials and four types of image reproductions. In order to study material perception that is not influenced by shape and saturated color, we produced a material dataset that consisted of 34 exemplars selected from 10 material categories.
By considering intra-and inter-participant variance, we found that the quality evaluation obtained from the richer information available from real materials was almost equivalent between the individual participants. On the other hand, the evaluation obtained from gray or low-resolution images differed between the individual participants due to the diminished information available in the reproduced images.
Through subjective assessments, we confirmed that the representation method of materials affected perceptual qualities only in certain cases that can be classified into the following three types: (1) when reproducing images of materials, perceptions of qualities such as ''Glossiness'' decreased for metal and plastic materials, whereas perceptions of the ''Transparency'' decreased for glass materials; (2) for gray images, perceptions of qualities such as ''Glossiness'' of paper and ''Prettiness'' of rubber materials decreased; and (3) when materials are reproduced in low-resolution images, perceptions of ''Hardness'' and ''Coldness'' tended to increase. 
Table 4
Correlation of the similarity ratio in Fig. 12 Correlations between perceptual qualities were observed, but the majority of these correlations were weak; however, when the materials were represented and displayed as images, their correlations gained strength. The correlations between material classes were presented as gray images. These results indicate that the qualities of these materials were strongly influenced by their color information, and in the low-resolution gray image conditions, the materials could not be discriminated as well as in the color conditions. Interestingly, the difference in image resolution hardly influenced the correlations between material classes.
The findings from the PCA and k-means clustering indicate that material categories are more likely to get confused when the materials are displayed as images, especially as gray images.
Further investigations on how shape and motion influence perceptual information need to be conducted in the future to add depth and validity to the present study.
